ABSTRACT
INTRODUCTION
With the completion of the full genome sequence for several model organisms, new approaches are emerging to comprehensively characterize the function of gene products. In so-called "functional proteomics" approaches, large-scale assays on the complete set of proteins of a given organism-the proteome -enable the study of the function of proteins in their context, rather than individually, through systematic identification of physical interactions between proteins. Indeed, most properties that are now grouped under the generic term "function " (of a protein) can be characterized more precisely through knowledge of protein interaction patterns. Moreover, networks of interacting proteins also extend this purely local view of function by providing a first level of understanding of cellular mechanisms (see Reference 43 for review).
While two promising approaches to the systematic analysis of protein complexes using mass spectrometry were published recently (see Note added in proofs), high-throughput techniques to construct protein interaction networks are mostly derived from the yeast two-hybrid system (9) . Because of their underlying mechanism-the measuring of interactions between two chimeric and heterologous proteins in a yeast cell nucleus -twohybrid assays cannot detect all protein-protein interactions and exhibit a certain proportion of false-positive and false-negative results. Existing studies rely on one of two main categories of yeast two-hybrid techniques: the matrix or the whole library approach. These techniques differ considerably not only in scale, but also by the nature and reliability of the results they yield.
While experimentally derived interaction data have started accumulating, so far they cover only a very small fraction of sequenced proteomes. Increasing recognition that knowledge of protein-protein interactions is key to the understanding of protein function motivated the design of predictive algorithms that generate hypotheses about interactions. These computational methods have so far been based mainly on sequence information (from the potential interacting partners as well as from their neighbors or orthologs in the case of methods based on "genomic context"), which set a priori limits on their predictive power (7) .
Very recently, to capitalize on the availability of high-quality experimental interaction maps that include interaction domain information and cover a significant fraction of their underlying proteome (34) , the first predictive methods based on a reference interaction dataset were proposed (44) .
Even more than experimental techniques, predictive methods call for validation of specific results and for assessment of method sensitivity and selectivity. Proper validation methodologies, resting on a rigorous definition of what, precisely, is being assessed, as well as on reliable and reasonably complete reference datasets, have yet to be designed.
In the first part of this article, we briefly survey experimental approaches to protein interaction map construction, with a particular emphasis on the coverage and reliability of each type of approach. Computational methods for protein interaction map construction are then described, starting with sequence-based approaches, moving on to methods based on an interaction reference dataset, and concluding with a critical review of existing assessment and validation techniques. Finally, we discuss the uses of protein interaction networks, primarily for functional annotation, but also for more theoretical analyses of cellular network topology.
CONSTRUCTION OF PROTEIN INTERACTION NETWORKS FROM EXPERIMENTAL DATA Experimental Technologies
While low-throughput technologies (co-immunoprecipitations, far-Western blots, "pull-downs", etc.; see Reference 33 for review) are commonly used for interaction studies on individual proteins, the study of interactions at the proteome level calls for high-throughput assays. The term functional proteomics is often used to refer to the corresponding technologies.
Two-hybrid in yeast. The yeast two-hybrid system (9) can detect interactions between two known proteins or polypeptides and can also search for unknown partners (preys) of a given protein (bait) (for review, see Reference 41). Yeast two-hybrid assays are the main technology for large-scale interaction network construction. Two strategies, namely the matrix approach and the library screening approach, have been tested to find the most efficient way to explore interactions within the proteome (Figure 1) .
The so-called "matrix approach" relies on a collection of predefined open reading frames (ORFs), usually full-length proteins, as both bait and prey for interaction assays. The experimental approach consists of amplifying ORFs by PCR, cloning them into two-hybrid vectors (both bait and prey), and expressing the fusion proteins individually in yeast cells of opposite mating type. Combinations of bait and prey can be assessed individually or after pooling cells expressing different bait or prey proteins. This strategy is intrinsically limited to the testing of predefined proteins. It was first used to explore interactions among Drosophila proteins involved in the control of cell cycle (10) . Several studies have now been published for the vaccinia virus (26) and for the yeast proteome, comprehensive (15, 16, 40) or using only a subset of specific baits (29) .
The alternative yeast two-hybrid assay strategy uses exhaustive libraries to screen for the identification of new protein interacting partners. Repeating such screening experiments with a series of proteins involved in the same biochemical process led to the concept of specific functional protein interaction maps that could identify other previously uncharacterized proteins involved in the same pathway. This strategy can be extended to whole-cell interactomes. Moreover, as a single experiment simultaneously tests for interaction of a bait protein with a large number of randomly distributed fragments, upper-approximations of interacting domains can be computed as the common sequences shared by selected overlapping prey fragments (38) . This approach was first applied to determine protein networks for the T7 phage proteome which contains 55 proteins (3) and later applied to the yeast proteome focused on the RNA metabolism (13) , to hepatitis C virus (HCV) polypeptide interactions (11) , and to the human gastric pathogen Helicobacter pylori (34) .
The matrix and library strategies are depicted in Figure 1 . Table 1 summarizes the results of major two-hybrid large-scale assays performed so far. For a more detailed comparative study of these technologies, see reviews (21, 36) .
From Raw Experimental Results to Protein Interaction Networks
The raw output of experimental methods is unusable for all but the smallest-scale studies. Transforming raw experimental data into understandable, publishable, and computationally tractable protein interaction networks requires bioinformatics support for a number of key processing steps.
From a computational biology perspective, a protein network can be seen as a graph with proteins (bait or prey) as vertices and interactions as edges. Accumulation of experimental data results in incremental construction of the graph. When two protein partners are identified experimentally, an edge is added to the graph, and possibly a vertex as well if one of the partners was not included in the preexisting graph; if the experiment is asymmetrical, as in two-hybrid techniques, the edge may be directed.
This step is trivial when the two partners are known beforehand, for example, in the two-hybrid matrix approach. When a partner is screened against a library and selects a prey, however, post-processing is required: the prey gene must be sequenced and identified in sequence databases using tools such as BLAST (2) . Moreover, in the case of a two-hybrid strategy using fragment libraries, an upper approximation of the interacting domains can be mapped on proteins: the common sequence shared by the selected overlapping prey fragments defines the smallest selected docking site of the bait (38) . A more accurate representation of the experimental results is thus a graph where vertices represent protein domains instead of full-length proteins.
To enable high-throughput production of protein interaction information, these computational steps must be integrated into a processing pipeline. For instance, the strategy that was used to construct the H. pylori interaction map (34) (see Figure 2 ) was supported by a dedicated integrated laboratory production management system, the PIM Builder ® . The PIM Builder tracks all biotechnological or bioinformatics operations performed during the production processes, stores information about all biological objects produced during experiments, and interfaces with robots and bioinformatics modules. It also implements the processing steps necessary to construct interaction maps from raw experimental data, including its two major computational steps, identification of interaction domains and scoring of interactions.
Computational Proteomics 17 Figure 1 . Yeast two-hybrid strategies. The central box illustrates the principle of the yeast two-hybrid assay: a protein domain that binds specifically to DNA sequences (BD) is fused to a "bait" polypeptide, and a domain that recruits the transcription machinery (AD) is fused to a "prey" polypeptide. Transcription of a reporter gene will occur if and only if the bait and the prey polypeptides interact together. The matrix approach (first column) uses the same collection of proteins as baits (B1-B5) and preys (P1-P5). The results can be represented in a matrix where bait auto-activators (B4 for example) and "sticky" prey proteins (P1, for example, interacts with many proteins) are identified and discarded. The final result can be summarized as a list of interactions. The library screening approach identifies for a given bait the set of its interacting prey partners, from which one can deduce the interaction domains on prey proteins. Sticky prey proteins are identified as fragments of proteins that are often selected regardless of the bait protein. An autoactivator bait can be used in the screening process with more stringent selective conditions. Several additional light processing steps are implemented to facilitate experiment design and execution, including a "bait program" that automatically designed oligonucleotides for PCR amplification and sequencing of bait constructs, a "prey program" that determined the position of each fragment in the genome and its coding capacity (intergene, antisense, nucleotide position in an ORF, coding frame, etc.).
Coverage and Reliability
One major issue with the high-throughput experimental technologies described above is the generation of potential false negatives and false positives.
False-negative interactions are biological interactions that are missed, because of incorrect folding, inadequate subcellular localization, lack of specific post-translational modifications, and the like. The yeast two-hybrid matrix approach is likely to generate a high level of false negatives (see Table 2 ), because only two assays are performed for each pair of proteins (bait versus prey, and vice versa), whereas the fragment library approach tests for millions of potential interactions simultaneously and is therefore more likely to capture a fragment that exhibits the appropriate folding if such a fragment exists. For instance, the two exhaustive studies of the yeast proteome (15, 40) have failed to recapitulate as much as 90% of interactions previously described in the literature (15) . Intrinsic limitations of the matrix approach regarding the choice of selective conditions can also explain this high rate of false negatives (for review see Reference 21) .
On the other hand, searching for many potential interactions, especially when screening a random fragment library, increases the likelihood of selecting biologically nonsignificant interacting polypeptides, thus leading to false positives. First, some bait proteins might have a predisposition to activate the transcription of reporter genes without specific interaction with any prey protein. These auto-activator bait proteins may interact with a large random set of prey proteins. Second, some chimeric prey proteins, dubbed sticky proteins, may similarly be nonspecifically selected by many independent bait proteins. Discarding auto-activator bait proteins (that select many prey proteins in one screen) or sticky prey proteins (that are selected in many screens) significantly reduces the rate of false positives, although it may also slightly increase the rate of false negatives (15, 16) . The technology described above for the construction of the H. pylori interaction map (34) was designed to specifically address major known causes for false-negative and false-positive results in two-hybrid assays. Parallel screening against highly complex libraries of fragments greatly increased the number of able two-hybrid candidates, and bait selectivity fine-tuning and quality-control steps were implemented to tackle toxicity and auto-activation issues. In combination, these measures considerably reduced the rate of false negatives that arose with the matrix approach. On the false positives front, quality-control measures, elimination of auto-activating baits, and use of adapted reporter systems ensured that the two-hybrid technology realized its full potential. More importantly, the statistical nature of the experimental procedure (i.e., sets of screens against fragment libraries) allowed the detection of nonspecific partners (sticky SIDs) through a scoring scheme that computes an E-value for each bait-prey interaction. The score was obtained by comparing the observed pattern of selected prey fragments with the theoretical pattern that would be obtained by randomly picking fragments in the library. Global connectivity was also taken into account; the score was computed incrementally over the whole network, and its discriminatory power increased as screening results accumulate. A specific score category was added to distinguish interactions involving only highly connected prey domains (SIDs which were found as prey with frequency greater than a fixed threshold). As a result, each interaction was tagged with one of several discrete reliability values. These values can be used to filter or prioritize the interactions that are generated by two-hybrid data.
COMPUTATIONAL PREDICTION OF PROTEIN INTERACTION NETWORKS Prediction of Functional Links by Comparative Genomics Techniques
Several approaches to computational prediction of protein networks have been explored over the last two years. The majority of these attempt to predict functional links "ab initio," on the sole basis of sequence data from completely sequenced genomes. The underlying algorithms are inspired by comparative genomics techniques, i.e., identification of (sets of) ortholog genes in two or more related organisms (see Reference 7 for a detailed review).
• The gene-fusion event (i.e., Rosetta Stone) method (8, 22) is based on an evolutionary interaction hypothesis: if two genes x and y are separate in a given organism and exist as fused as a single gene z in an ancestor organism, a functional link is inferred.
• The gene neighborhood approach (5,31) rests on the more general hypothesis that interaction of encoded proteins is one of the reasons for conservation of gene proximity and order. In Reference 31, functional links are inferred between genes x and y if these are neighbors (with respect to chromosomal location) in organism A and have orthologs in organism B that are neighbors as well.
• The phylogenetic profiles method (32) deduces functional links between genes that have similar occurrence patterns of orthologs in a set of reference genomes, since these genes are then assumed to have co-evolved. Each of the above approaches exhibits an a priori bias corresponding to the biological hypothesis underlying the prediction algorithm. Comparison with experimental data confirms this bias (23) . One way to reduce the bias and to minimize the rate of false-positive predictions is to combine several approaches, seen as providing independent sets of clues that hint at the existence of functional links. Marcotte et al. (23) show that Rosetta Stone and phylogenetic profile predictions are combined with metabolic pathways information on E. coli from EcoCyc (20) , yeast two-hybrid interaction data from DIP (45) , and links inferred from yeast cell cycle expression data (39) to yield higherconfidence predictions.
Another limitation of these comparative genomics methods is that the exact biological nature of the predicted functional links -participation in the same structural complex, in the same biological pathway, the same biological process, or, in some cases, existence of a physical interaction -cannot be specified without additional information.
Prediction of Protein Interactions Across Organisms
Once a protein network is built in a given organism (by experimental or predictive methods), a natural question that arises is how much information can be deduced from that network about the interactions taking place in another organism? The straightforward "comparative genomics" answer would involve two major steps:
1. Establishment of a correspondence between proteomes, classically by identifying orthologs between organisms by sequence comparison. 2. Transport of links in the source protein network to the target proteome along this correspondence. The accuracy of this type of approach is obviously highly dependent on the criteria chosen for orthology and its relationship 20Computational Proteomics R ESEARCH Figure 2 . General outline of the strategy for building H. pylori (Hp) proteome-wide interaction map. Bait constructs were specifically adapted for interaction screens, and the selective pressure was adjusted for each construct according to results obtained from a preliminary small-scale screening experiment. Each bait was screened against a library of H. pylori random genomic fragments. The PIM Builder LIMS was populated with raw data from screening experiments. After identification of almost all positive clones, overlapping prey fragments were clustered into families to define the selected interacting domains (SIDs). Those families that had no biological coding capability (antisense or intergenic region, out-of-frame fragments occurring in a single frame) were discarded. The PIM Biological Score (PBS) was then computed for H. pylori ORFencoded SIDs. Interactions were grouped into categories A to D (from high to low heuristic values). The global connectivity of the protein interaction map (PIM) was also analyzed to detect highly connected prey polypeptides. Those interactions were grouped within the E category. Processing of data and visualization of interactions were performed by an in-house built bioinformatic platform (the PIM Rider ® ).
to the nature of the link to be predicted. For instance, in the hypothetical extreme case where links in the source protein network are completely independent from sequence features and orthology is simply defined by sequence similarity, the inference is obviously meaningless.
To better address the issue of prediction of physical interactions, a technique was introduced (44) to predict protein-protein interaction maps across organisms using experimental interaction data as input, the interaction-domain profile-pair (IDPP) method (see Figure 3) . This technique was designed to fully exploit the properties of the richest experimental interaction maps now available, namely the existence of domain information for each interaction and the fact that for a given ID domain d, a large-scale map will typically provide several instances of domains interacting with d. The algorithm combines sequence similarity searches with clustering based on interaction patterns and interaction domain information. The source map is first transformed into an abstract interaction map connecting clusters of interaction domains. A correspondence is then built between this abstract interaction map and the target proteome, and the interactions are inferred along this correspondence.
Wojcik and Schächter (44) applied IDPP to the prediction of an interaction map of E. coli using the H. pylori interaction map as reference, together with an inference method following the straightforward comparative genomics approach described above (correspondence according to sequence similarity on fulllength sequences), referred to as the "naive" method.
From the 1524 interactions of the original H. pylori network, the IDPP method led to 881 interaction predictions, connecting 412 proteins of E. coli (9.6%). Compared to the naive method, the IDPP method yielded 35 additional, highly domain-specific, predicted interactions. The use of sequence similarity searches restricted to interacting domains rather than full-length proteins increases the sensitivity of the method, while the use of interacting domain clusters instead of single interacting domain sequences allowed the detection of homologies at lower levels of sequence similarity. For instance, H. pylori protein HP1411 has no homolog in E. coli , whether one considers its full-length sequence or a sub-sequence corresponding to an interaction domain. Nevertheless, because HP1411 interacts with the gyrA H. pylori protein and also shares a sequence similarity with gyrA, a profile merging gyrA and HP1411 sequences was built and succeeded in selecting the homologous E. coli gyrA protein. A gyrA homodimer was thus predicted in E. coli (Figure 4 ). This prediction was confirmed by SWISS-PROT annotations, according to which gyrA forms an A2-B2 complex with gyrB.
Six hundred and fifty-one interactions were predicted by the naive method but not by the IDPP method. Two hundred and fifty-two of these 651 interactions were demonstrated to be false positives of the naive method, since the prediction was achieved through sequence similarity of a region that does not contain the interacting domain. The 399 remaining interactions were obtained through sequence similarity that was significant when Computational Proteomics 21 ID α(a) . When the IDPP method is applied, ID αand ID γ are clustered in the same domain cluster since they both interact with the same region of HP1411 and the 197-332 region of HP1411 is similar to the 498-627 region of HP0701. The resulting abstract domain cluster is a "homodimer." When used as a probe to screen an E. coli protein sequence library, the profile of this cluster selected a 172 amino acid long domain δon the gyrA protein, and gyrA was predicted to interact with itself through this domain (b).
considering the whole protein but not when considering the shorter included interacting region.
The domain-based method was thus shown to eliminate a significant amount of false positives of the naive method that are the consequences of multi-domain proteins and increase the sensitivity compared to the naive method by identifying new potential interactions.
Assessment and Validation of Predictions
Each of the predictive algorithms described above is based on specific biological hypotheses, including several empirically chosen quantitative parameters and applied to an input (or training) dataset (e.g., sequence data, expression profiles, a reference interaction map, etc.). Their predictions can in theory be validated by comparing them to accepted biological knowledge. The actual scientific goal, however, is generally to validate the method itself, whereas accuracy of specific predictions is also a function of parameter choice and the quality of the input dataset -one consequence being the notorious "garbage-in, garbage-out" problem. It is especially difficult to distinguish the respective roles in the overall reliability of results when the input dataset is already indirect, deduced information, such as interpretation of nonstandardized experiments.
In practice, even validating predictions is a tricky proposition; reference information is scarce, and accessing this information, especially with automated procedures, may also be problematic. In addition, reference status is often subjective, as is the interpretation of all but the most finalized functional information. We distinguish below between automated validation methods, which are somewhat more objective and can be applied at high-throughput but often yield weak biological confirmation, and manual expert validation methods, which typically tap a wider body of knowledge but are labor-intensive and difficult to reproduce or compare.
Automated validation. Predicted protein-protein links can be evaluated by directly checking their existence in dedicated databases, such as MIPS (27) , DIP (45), or OMIM (14) . For instance, this approach was used to validate literature networks (17) . Predictions can also be confronted to other types of data, for example, gene clusters from microarray data (17) . In both cases, the significance of the predictions is evaluated by calculating the fold improvement over a virtual random experiment and/or the correlation between the two datasets. However, interaction informa - 22 Computational Proteomics R ESEARCH Figure 5 . The PIM Rider: an integrated exploration platform for protein interaction networks. The main window (a) displays the protein interaction map as a graph and allows the biologist to navigate through the network, filter interactions and proteins on criteria such as interaction reliability (PBS), and focus on a particular pathway. Clicking on a specific interaction gives access to a summary of the supporting primary two-hybrid data (b), where interacting fragments and the computed selected interacting domain (SID) are positioned relative to the coding sequence of the two proteins. All interacting domains of a given protein (c) and paths between two proteins can also be queried. tion directly available in tractable format from public databases is scarce, so it is often necessary to resort to indirect methods.
The most widely used validation method is known as the "keyword retrieval" technique. The principle is simple: if two proteins are linked together in the network, one compares the sets of functional keywords associated to these proteins in a given database; if the pair shares similar keywords, the weight of the link is reinforced. The percentage of shared keywords at the network level can be compared to a theoretical background noise to evaluate the global validity of the prediction. For instance, the keywords can be SWISS-PROT annotation keywords or functional categories (17, 23, 44) . This validation method, however, rests heavily on the quantity, quality, homogeneity, and comparability of database annotations. For example, Marcotte et al. state that "even truly related proteins show only a partial [SWISS-PROT] keyword overlap, for example 35%" (23) . Thus, the method, while adequate for confirming that a prediction algorithm performs better than random on a given space, yields weak biological validation in general.
Another approach to validation circumvents the reference dataset availability problem by cross-validating predictions with predictions resulting from other, ideally independent, experimental methods. The underlying principle is that a prediction confirmed by two or more independent functional clues is significantly more reliable. It has been used to define high-confidence links in protein networks (23) and to assess interaction predictions against physical location of genes in prokaryotic genome (44) . One problem in that scenario is to assess the real independence of prediction methods, the majority of them being based on sequence data.
Validation by manual expert analysis. In this approach, each predicted link between a pair of proteins of the network is assessed by manually comparing the annotations in public databases and checking reference literature and original literature of each protein partner. This low-throughput method obviously leaves a wider margin to individual interpretation but significantly increases the quantity of accessible reference knowledge.
This method has been applied to the assessment of protein interactions inferred from H. pylori to E. coli (J. Wojcik, J.G. Boneca, and P. Legrain, personal communication). The inference process is based on clustering and a definition of orthology restricted to interaction protein domains (44) . The true-positive prediction rate was evaluated to be at least 12%, i.e., at least 12% of the 1280 predicted interactions makes biological sense according to biological curators. Three main causes were identified to explain predictions that were not confirmed by the literature: ( i ) one of the gene functions in the source interaction was completely lost during evolution (this gene has only paralogs in E. coli ); ( ii ) the source interaction is a false positive of the two-hybrid system; or ( iii ) the predictions are real true positives but are not yet referenced in the literature. Comparison of these precise but statistically nonsignificant results with those obtained by automated validation by keyword retrieval (44) , that were significantly better than random, points at the need to have real and exhaustive reference datasets in order to validate predictions.
Literature Mining
Literature mining, sometimes called "information retrieval," can be viewed both as an assessment method for predicted protein networks and as a prediction method in its own right. Assuming that the greater part of current biological knowledge is to be found in scientific literature, the parsing and analysis of titles, headings, abstracts, and/or full texts of articles should enable us to extract links between genes or proteins and then build networks. Several techniques exist to perform this extraction, including syntactic and semantic analysis methods imported from the computational linguistics community (e.g., 30) and statistiComputational Proteomics 23 cal methods that estimate discriminating word distributions (e.g., 24). One major issue in these studies is the establishment of an unambiguous nomenclature for gene or gene product names. Gene name dictionaries can be built from various nomenclature databases such as HUGO, LocusLink, or GENATLAS, but problems remain because of insufficient synonym definitions, synonym variations, and gene families with fuzzy naming conventions.
A recent work aimed to analyze over 10 million MEDLINE records to detect and count human gene symbol or names cooccurring in titles or abstracts. This resulted in a protein interaction network containing about 140 000 edges connecting 7512 human genes (17) , the largest protein network predicted from literature mining so far. Until these literature mining techniques mature, they can also be used with less ambitious but perhaps more directly efficient goals, such as helping experts filter or preselect scientific articles. The Database of Interacting Protein (DIP) (24) is one example of such computer-assisted curation.
EXPLOITATION OF PROTEIN INTERACTION NETWORKS
Experimental or predicted protein networks constitute large bodies of information on molecular mechanisms. The first step toward fruitful utilization of these networks is visual exploration. More sophisticated approaches involving additional computational analyses can be grouped in two categories: assignment of functional attributes to proteins in context and analysis of global network structure, for example in an attempt to uncover or confirm evolutionary hypotheses.
Visualization and Exploration Tools
The first interaction databases available on the Internet provided a basic display of the alphabetical interaction list: an interaction is represented by its two protein partners, sometimes accompanied by basic annotations or cross-references to other protein databases. A few Web sites also propose packages for interaction networks visualization (28) . The main protein-protein interaction sources are listed in Table 2 .
Simple lists of interactions are hardly sufficient to evaluate the reliability of results or compare with other information. Access to primary data is especially important to evaluate false positives and reproducibility. For example, interactions listed at the MIPS (27) only provide a brief indication of the experimental source, like "two-hybrid" or "co-immunoprecipitation", without any assessment of quality nor reference to the source experiment or laboratory. More recent bioinformatics tools, such as the PIM Rider (34) , give access to primary data ( Figure 5 ) and offer functionalities beyond basic visualization to help the biologist in the discovery process searching for paths between two given proteins, filtering of interactions on the basis of their reliability value, or simultaneous displaying of all interacting domains identified in one specific protein.
Functional Annotations: The "Guilt-by-Association" Rule
First attempts to assign function on the basis of interaction information are applications of the guilt-by-association principle: a protein is annotated using some lowest common denominator of the annotations of its interacting partners, or, more generally, of proteins belonging to a given cluster of interactants (25) .
For instance, a set of yeast protein interactions described in the literature or revealed by large-scale two-hybrid screens was clustered using cellular role and subcellular localization annotations (37) from the Yeast Proteome Database (4). Functions were assigned to uncharacterized protein on the basis of the known functions of its interacting partners. Twenty-nine proteins had two or more interacting proteins with at least one common function and were assigned a function by this approach.
Guilt-by-association methods should be used with caution. First, predictions are highly dependent on the annotations available from a given database, which are often vague (e.g., one keyword) and sometimes false. Poorly defined annotations often group different levels or types of descriptions and induce clustering that is devoid of biological significance. The quality of the source protein network is also a key factor: false negatives (missing connections) will result in missed predictions, false positives in false predictions. In the case of two-hybrid interaction data, for which highly connected nodes in the network may be false positives, reliability is even more critical.
Finally, a major difficulty with this kind of automated function annotation method, yet common to all bioinformatics prediction algorithms, is the absence of an independent reference dataset and validation methods. For instance, the 29 function assignments made in the former study were assessed by comparison with the corresponding high confidence links of the study of Marcotte et al. (23) , which were themselves partly predicted from interactions listed in MIPS, one of the yeast protein interaction databases used in the original study (37) . This exemplifies the fact that predictions must be used with caution; oversight of the initial hypotheses and lack of independent data sources could lead to biased conclusions.
Annotating proteins using their interaction partners' annotations is still a promising technique that will become more and more useful as the interaction data accumulate and their quality improves. Meanwhile, confidence in such functional annotations can be increased by aggregating conclusions based on interaction data with functional clues of clearly independent origin. 
Analysis of the Global Structure of Protein Networks
Several authors have proposed analyses of the topology of large-scale interaction networks, to gain insight into global cellular mechanisms within an evolutionary perspective.
Jeong and co-workers published such an analysis of the public yeast protein interaction map (18) , showing that it forms a scale-free network. In such networks, the probability that a given protein interacts with k partners follows a power law; functionality (i.e., lines of communication) is mostly preserved when the network is attacked randomly, yet is fragile when certain key vertices are disrupted (1). Scale-free networks can be generated by random mechanisms that add connections to a graph with a positive bias for already well-connected components of the network, which is consistent with current hypotheses on the evolution of pathways, favoring robustness in terms of resistance to random mutations. Indeed, similar network structures were also evidenced for metabolic networks (19) and another protein interaction map in bacteria (34) . The authors establish a positive correlation between connectivity and lethality: highly connected proteins are three times more likely to be essential (i.e., the yeast cell dies if the corresponding gene is deleted).
While the existence of such a correlation makes biological sense, the relative weight of technological bias in the argument should not be underestimated. Jeong's conclusions rest mainly on interaction data produced by a given high-throughput twohybrid system in yeast, which is known to induce high rates of false negatives and false positives, as exemplified in a more recent similar study (15) . The corresponding network of 1870 proteins (31% of the yeast proteome), is far from complete, and the shape of the actual interaction network could be quite different (see Figure 5 ). For instance, proteins that exhibit few interacting partners in this network could actually represent highly connected nodes. Conversely, false positives of the two-hybrid system are likely to result in highly connected nodes of the network (so-called "sticky prey" proteins).
In conclusion, while these approaches will certainly be refined in years to come, for the time being both local guilt-by-association functional assignment rules and global network analysis methods are fragile against poor interaction data quality or incompleteness. Consequently, they probably should not be used as stand-alone sources of local conclusions, at least without prior assessment of the technological bias. Rather, conclusions should be seen as hypotheses asking for confirmation by other means.
CONCLUSION
Large-scale protein interaction maps are, with gene expression profiles, among the first examples of datasets generated without prior knowledge on functions of genes. These technology-driven experiments are valuable tools for protein function prediction, despite the occurrence of typical artifacts. A number of technological variants of the yeast-two hybrid system have been tested during the last two years. Bioinformatics tools enable highthroughput production of experimental results with quality control, transformation of these results into protein networks, and exploitation through visualization and analysis tools. Recent improvements on throughput of the experimental method, as well on reliability and level of detail of the resulting protein interaction networks, have led to proteome-wide datasets that can be used as the basis for predictive methods, a welcome complement to algorithms that predict functional links from sequence information using comparative genomics techniques.
Perspectives opened by such predictive methods include ab initio prediction of virtual protein interaction maps on a variety of organisms related to existing experimental protein interaction maps, combined use of prediction and experimental work to accelerate the construction of new interaction maps, or the identification of new shared interaction domains.
While protein networks represent a new and potentially very rich type of functional information, their use for functional annotation should always be accompanied by a critical assessment of the intrinsic limitations and biases of their construction methodology, as well as by explicit distinction of different levels of confidence on the scale that stretches from "likely physical interaction in artificial context" to "validated interaction with biological meaning." The fact that reference datasets are still almost nonexistent should always be kept in mind.
Ultimately, combination of functional clues from different experimental origins -yeast two-hybrid assays, microarrays, mass spectrometry -with sequence data and predictive methods, structured by the appropriate knowledge management tools, should facilitate the assignment of functional annotations. One step further, combination with other sources of functional information (queried from structured databases or extracted from literature) can help transform protein networks into detailed descriptions of cellular pathways, enabling a shift in our view of function, from "local property of a protein" to "the role of that protein in one or several processes." Such knowledge integration is a major challenge for computational biology, requiring the development of pathway models that can bridge the gap between different representations adapted to specific experimental data types and enable in silico hypotheses testing on incomplete information sets.
